The identification and control of complex indus trial objects is of great practical importance. In many cases, little a priori information is available regarding the process of interest-for example, for lack of mon itoring instruments.
In the present work, we consider nonparametric identification and control algorithms for dynamic processes.
NONPARAMETRIC IDENTIFICATION WITH INCOMPLETE INFORMATION
In studying discrete-continuous technological processes, the researcher must contend with incom plete information regarding the inputs. In particular, the process may be controlled by a human operator. The operator corrects the technological process on the basis of experience and technological charts. In many cases, the control signal (that is, the operator's action) remains unknown, for lack of monitoring data. In sim ulation, consequently, the model must be constructed on the basis of incomplete information [1] .
Suppose that the object is described by the equation
where f(•) is an unknown function; k is determined on the basis of the available a priori information.
In Fig. 1 , we show a block diagram of the dynamic process that is of interest, with the following notation: Abstract-The simulation of a discrete-continuous dynamic process is considered in the absence of data regarding the current control signals; the corresponding identification problem is formulated. A nonparamet ric model of a dynamic object is proposed, and the results of a computational experiment with incomplete information regarding the control signals are analyzed. To take account of uncontrollable inputs in the model, a two loop control system is proposed for the dynamic object. The internal control loop includes a controller implementing a standard law. The outer loop includes a nonparametric controller, characterized by learning capabilities and dualism. A nonparametric dual control algorithm is described, and its dual character is ana lyzed. Control of a dynamic object in a two loop system and in a system with a standard PI controller is com pared. surement noise corresponding to a variable process with zero mathematical expectations and limited dis persion; ξ(t), random vector noise; Δt, time interval in which the variables are monitored.
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Thus, we have a sample of input-output variables
where s is the sample size. (For the sake of simplicity, we omit the subscript h on the object variables.) Identification entails constructing a model of the object on the basis of sample {x i , μ i , u i , i = }. Synthesis of a nonparametric model was described in [2] . The nonparametric model of a similar object when k = 2 may be written in the form [3] where Φ(⋅) is a core funnel function; c s is the diffuse ness of the core. Both Φ(⋅) and c s satisfy the conditions in [3] .
To assess the nonparametric model, we use the quadratic error where x i is the measured output; is the estimate obtained; R s is the relative error;
Consider the following computational experiment. To simulate a real object, we adopt an equation of the form
The input is assumed in the form After passing through channel S, we find that = 2 + 1.8sin(1.8t). Suppose that the uncontrollable inputs are
We assume that Δt = 0.2 and s = 150; there is no noise. We show the results in Fig. 2 for two cases: (a) when the operator's actions in correcting the input signal are unknown (R s = 1.54, W s = 0.36); (b) when the operator's actions in correcting the input signal are known (R s = 0.16, W s = 0.03). In the first case, the model of the dynamic object will be less precise than in the second.
NONPARAMETRIC DUAL CONTROL OF A DYNAMIC PROCESS
At present, in ferrous metallurgy, standard control laws (P, PI, PID regulation) are often used in regulat ing dynamic processes [4] . As already noted, a human operator may be responsible for control. Note that, in many cases, the quality of control is unsatisfactory. For more effective control, we add another element to the system in Fig. 1 : the external control loop in Fig. 3 . The notation in Fig. 3 is as follows: NC, nonparamet Thus, the control loop containing the control unit is retained, but an external control loop with a non parametric controller is added [5] . The control unit may employ any standard control protocol [6, 7] . The nonparametric controller is characterized by learning capabilities and dualism. It improves the quality of control by taking account of the uncontrolled input μ t .
The nonparametric dual control algorithm takes the form [8, 9] where constitutes our knowledge regarding the object; Δu s + 1 = denotes the training search increment; x* is the master signal.
We now analyze the dualism of the algorithm. In the initial stage of control, the term Δu s + 1 plays the main role, on account of the lack of information. As learning proceeds (with the accumulation of informa tion), the term plays an increasing role in forming
x t ** ,
u s * the control signal. Thus, in dual control, the object is studied in one stage and adjusted in another.
NUMERICAL VERIFICATION OF THE PROPOSED ALGORITHM
We now present some results of a computational experiment. Suppose that the object is dynamic and is described by the equation
Here the description of the inputs is the same as in the previous experiment. The control unit is a PI regula tor. In Fig. 4 , we show the operation of the control sys tem with a stepped master signal, in the presence of 7% noise. The notation employed is as follows: x(t), output of the object with a two loop control system; (t), output of the object with PI control; x*(t), mas ter signal.
The two loop control system is considerably more effective than standard PI control. Note also that the proposed control algorithm is very stable in the pres ence of noise. Even with considerable noise (7%), the result is satisfactory.
NONPARAMETRIC IDENTIFICATION IN STEEL SMELTING
For effective operation of an oxygen converter, the basic parameters must be calculated on the basis of a model. As a rule, difficulties in identification are asso ciated with the large quantity of interacting parame ters and the presence of factors that resist formaliza tion [10] . In addition, a human operator controls the process, and the monitoring system does not record all of the operator actions. In current automatic control systems for smelting, the thermal and physicochemi cal processes in the converter are described by mathe matical models-based on equations of thermody namics, hydrodynamics, mass transfer, etc.-and optimization of the process requires increase in the number of parameters that are monitored and calcu lated. A possible solution is nonparametric identifica tion of the required relationships [1] . The controllable variables that are monitored in the oxygen converter are as follows: u 1 , the oxygen con sumption in injection, m 3 ; u 2 , the oxygen consump tion in heating, m 3 ; u 3 -u 8 , the consumption of lime, electrode cullet, FOMI flux, FM 1 flux, fluxed sinter, and SSO coal, respectively, t; u 9 , the injection time, min; u 10 , the distance between the oxygen lance and the bath level in the converter. The uncontrollable variables that are monitored are as follows: μ 1 , the iron consumption, t; μ 2 -μ 5 , the content of silicon, manga nese, sulfur, and phosphorus, respectively, in the iron, %; μ 6 , the iron temperature, °C; and μ 7 , the scrap con sumption, t. The noise ξ(t) consists of various factors, which are not monitored, as a rule. The vector output variable x(t) characterizes the parameters of the final product: the composition of the metal discharged (x 1 -x 4 , the content of carbon, manganese, sulfur, and phosphorus, respectively, %); the chemical composi tion of the final slag (x 5 -x 15 , the content of CaO, SiO 2 , FeO, MgO, Al 2 O 3 , S, MnO, P 2 O 5 , TiO 2 , and V 2 O 5 , respectively); and the temperature of the metal dis charged, °C.
For a computational experiment, we use a sample of operational data for oxygen converter shop 2 at OAO EVRAZ ZSMK. The sample includes the fol lowing variables: u 1 -u 8 , μ 1 -μ 7 , and x 1 -x 15 . The sam ple size s = 35. For the experiment, we construct four nonparametric models of the form where l = s = 35. The resulting curves are nonlinear, which is in good agreement with our concepts regarding the oxygen converter smelting of steel.
CONCLUSIONS
We have considered adaptive models of discretecontinuous dynamic processes in conditions of non parametric indeterminacy. We have presented non parametric control algorithms for the external control loop. Computational experiments illustrate the opera tion of the models and control algorithms. The use of a nonparametric algorithm in the external control loop improves the converter process. , ;
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